Genome editing using the CRISPR/Cas9 system requires designing guide RNAs (sgRNA) that are efficient and specific. Guide RNAs are usually designed using reference genomes which limits their use in organisms with no or incomplete reference genomes. Here, we present kRISP-meR, a reference free method to design sgRNAs for CRISPR/Cas9 system. kRISP-meR takes as input a target region and sequenced reads from the organism to be edited and generates sgRNAs that are likely to minimize off-target effects. Our analysis indicates that kRISP-meR is able to identify majority of the guides identified by a widely used sgRNA designing tool, without any knowledge of the reference, while retaining specificity.
Introduction
CRISPR (Clustered Regularly Interspaced Short Palindromic Repeats) has revolutionized the field of genome editing. By delivering the Cas9 nuclease complex with synthetic single-guide RNAs (sgRNA) into a cell, the cell's genome can be cut at a desired locations, allowing genes to be knocked out and edited [1] . The ability to program the target by designing sgRNAs makes CRISPR a robust technology and has opened possibilities of endless applications [2] . CRISPR was successfully used to distort sex-ratio in Anopheles gambiae [3] , reducing number of females in the population and thus controlling the growth. Human T cells were modified using CRISPR for the treatment of X-Linked Hyper-IgM Syndrome, a condition that affects the immune system [4] . CRISPR/Cas9 genome editing system was used to precisely remove the HIV-1 genome spanning from human T-lymphoid cells [5] . Treatment of primary open-angle glaucoma was successfully achieved in mouse eyes using CRISPR [6] . The genomic modifications made by CRISPR are guided by the single-guide RNAs deployed in the Cas9 enzyme, i.e. editing takes place where the guide RNAs bind to the genome. It is therefore important to design sgRNAs that bind to the target, and do not have off-target effects. Several models have been proposed to profile the off-target and on-target activities of the sgRNAs in CRISPR [7, 8, 9] . Using these models, a number of computational tools have been developed to design the sgRNAs [10, 11, 12, 13, 14] . However, these tools rely on the reference genome to design the guide RNAs (gRNA). This has a number of limitations. First, constructing a reference genome is often challenging and expensive and hence genomes of most organisms are incomplete. As a result designing guide RNAs for many organisms including agricultural crops is difficult. Second, the strain or individual to be edited may be genetically different from the reference. Recent studies have showed that considerable variation is present across human populations and individuals contain large scale variations such as duplications not present in the reference [15] . The issue of individual specific genomic variations has been addressed in tools that are capable of designing personalized sgRNAs, namely AlleleAnalyzer [16] , CrisFlash [17] and CRISPRitz [18] while Sun et al. presented a tool to design sgRNAs for non-reference plant genomes [19] . However, these tools use reference genomes and sequencing reads to detect variations and may lack specificity if the individual contains duplications or regions missing from the reference. Synthetic sex-ratio distortion using CRISPR was achieved by Papathanos et al. [20] , using a tool that does not require a reference genome, but it is not applicabile as a general purpose sgRNA designing tool. To address these issues, we present kRISP-meR, a reference-free sgRNA designing tool which can operate with only sequenced reads from the organism. kRISP-meR takes as input a target region and the reads, identifies candidate sgRNAs and scores each candidate sgRNA using the numbers of times k-mers i.e. sequences of length k appears in the reads. We show that kRISP-meR is able to design sgRNAs accurately in absence of the reference genome, and that it can identify nearly all the guides that are identified by a popular sgRNA designing tools, GuideScan [13] while retaining specificity.
Methods

Overview
The steps of kRISP-meR are shown in Figure 1 . It takes as input a set of sequenced reads from the genome of the individual to be edited, and a target sequence which corresponds to the region in the genome where editing is intended. As the the individual may have genetic variations in the target region, the sequenced reads are aligned to the target sequence and the target sequence is modified to generate a personalized target sequence. The personalized target sequence is then searched for candidate sgRNAs. Next we determine the number of times each k-mer is present in the set of sequenced reads, where the value of k is determined by the lengths of gRNA and protospacer adjacent motif (PAM) sequences. The counts are then used to calculate scores of the candidate gRNAs that reflect their efficiency and specificity. The steps are described in more details in the following sections.
Identifying candidate gRNAs
In order to determine the target sequence for the individual, first, the sequencing reads are mapped on the target sequence using Bowtie2 [21] . With the output BAM file, Pilon [22] is used to determine the genomic variations for the individual and the target sequence is polished to generate a personalized target sequence. Next, kRISP-meR scans the personalized target sequence for the PAM sequence, which is NGG by default and identifies strings of length 20 bp (excluding the PAM) upstream of the PAM sequence. Together with the PAM, the 23 bp long sequences are identified as the candidate guide RNAs.
Counting k-mers in sequenced reads
Since kRISP-meR is a reference free tool for guide RNA design, it cannot directly determine the number of times a sequence, where a guide RNA may bind to, is present in the genome. Instead, it first counts the number of times sequences of length 23 are present in the set of sequenced reads using Jellyfish 2 [23] , and uses the counts to estimate the number of times they are present in the genome. The k-spectrum is generated by counting all possible k-mers in the sequencing reads and determining the number of i-mers in the reads H(i) for all i. The first peak in the spectrum is due to large number of k-mers that arise due to sequencing errors and appear very few times. The next peak appears at the k-mer coverage λ.
Scoring candidate gRNAs
The cutting efficiency for each candidate gRNA is determined using the scheme suggested by Doench et al. [7] As in GuideScan [13] , we use Rule Set 2 [7] which takes as input a sequence of length 30 at the target site and the 20-mer from the candidate gRNA and calculates cutting efficiency of the candidate gRNA using a boosted regression tree model.
Next, kRISP-meR assigns a score to each guide RNA indicating its off-target activity. First it calculates the total expected number of cuts, both on and off-target, for the gRNAs. It is known that a gRNA, when deployed in CRISPR/Cas9, in addition to making a cut where it finds a perfect matching sequence in the genome, may make cuts at sites with number of mismatches as well, albeit with lower probabilities. If the set of all k-mers within a specified Hamming distance (default is 2) of the complementary sequence of the gRNA is , we define the expected number of cuts in the genome as follows:
where ψ k is the cutting probability of the gRNA at the k-mer site determined by a experimentally determined mutation matrix [7] , and c g,k is the number of the times the k-mer is present in the genome. Since we do not know this in the absence of a reference, we take the expectation and estimate this from the number of times it appears in the read set c R,k using the Bayes rule. Therefore,
Here, P(c G,k ) is the prior probability that there are c G,k copies of k in the genome. Now, the score assigned to a gRNA, which can be interpreted as the inverse of the specificity, is defined as follows:
where E[x t ] is the expected number of cuts within the target region, which can be calculated using the cutting probabilities and the numbers of times sequences within a given Hamming distance of the gRNA sequence appears in the target. c G,t is the number of times the target appears in the genome. This is calculated by constructing the histogram of k-mer counts in the sequencing reads and finding the k-mer coverage. Restricting within only the k-mers that appear within the target string generates a similar curve, but the first peak after the error component appears at λ × c G,t . Given that this peak appears at λ t , the target coverage, we approximate c G,t as λ t λ .
Learning probability distributions and estimating priors
To calculate the scores using the equations mentioned above, the prior probability distribution on numbers of copies of k-mers in the genome and conditional probability distributions on k-mer counts in the reads given the copy numbers in the genome need to be defined. When a k-mer appears in the read set due to the presence of one or more copies of the sequence in the genome, Poisson distributions have been observed to model the counts well in genome sequencing data [24] . If a genomic region is present i times, then the counts of the k-mers within that region are assumed to be Poisson distributed with mean λi, where λ is the k-mer coverage of the dataset. However, k-mers may also appear due to sequencing errors even though it is not present in the genome. This results in large number k-mers that appear one or few times. We observe that this is best approximated by the geometric distribution among the widely used distributions.
Since organisms differ in their repeat structure, we estimate priors on copy numbers in the genome from the data. First we use the expectation-maximization (EM) algorithm [25] to estimate the k-mer coverage in the sequencing dataset. We ignore the entries up to the first trough in the histogram as they are likely due to sequencing errors. The rest of the k-mer counts are modeled as a mixture of N Poisson distributions with means λi for i = 1 to N . In the EM algorithm, the k-mer coverage λ is initialized using the histogram as mentioned in Section 2.3. Then the Estep and the M-step are repeated until convergence where in the E-step, membership probabilities are re-calculated and in the M-step, λ is updated. Once the k-mer coverage λ is estimated, we calculate, for all values of k, the probability that it was generated by each of the N Poisson distributions representing copy counts as well as the geometric distribution modeling the error component. The membership probabilities are then summed to obtain priors on copy numbers in the genome and the prior on the error component.
Results
To assess the performance of kRISP-meR, we first analyzed datasets for which both the reference genomes and high throughput sequencing reads are available. We used the Illumina sequencing reads of Staphylococcus aureus and Chromosome 14 of Homo sapiens, which are publicly available in the GAGE dataset [26] .
We took random segments from the reference genomes to be used as the target sequences, and ran kRISP-meR on the targets and the reads. The identified gRNAs are then scored according to Equation 1 as described in Section 2. We also evaluate scores for the gRNAs using Equation 1 with the use of the reference genome. That is, instead of the k-mer counts from the reads, we use the exact number of times the k-mers are present in the reference genome. For all the guides identified, scored and listed by kRISP-meR, the scores are shown in Figure 2 along with the score calculated with the reference. For the genome of S. aureus which has low repeat complexity, we find that majority of the gRNAs have scores close to 1.0 according to both the schemes. The scores calculated without the reference genome have greater spread compared to the ones obtained using the reference. This is expected because of the variation in sequencing depth across the genome caused by stochasticity and biases in the sequencing process as well as the presence of extraneous k-mers arising because of sequencing errors. However, we observe that almost half the gRNAs have scores close to 1.2 or less and almost three-fourths are below 1.5. For the repeat rich Chromosome 14 of H. sapiens, there are many gRNAs with high scores indicating lack of specificity and highlighting the importance of properly scoring and avoiding these as guides. For this dataset, we observe that the scores computed using both approaches have similar median and inter-quantile ranges. Next we go on to compare the guide RNAs listed by kRISP-meR with the gRNAs identified by a widely used gRNA designing tool, GuideScan [13] , which requires reference genomes. We used GuideScan on the two mentioned above and built genome-wide sgRNA library with a maximum of 2 mismatches. Next, we identified the sgRNAs from the library for the same target region using kRISP-meR. We only consider the guides with scores less than 3.0 for kRISP-meR, as kRISP-meR score all potential sgRNAs but the ones with scores greater than this are likely to have off-target effects. Figure 3a shows the extent of agreement between the sets of sgRNAs generated by kRISP-meR and GuideScan. It reveals that kRISP-meR is able to recognize the majority of the sgRNAs identified by GuideScan while reporting very few additional ones for both the datasets. Finally, we assess potential off-target effects of the sgRNAs generated by kRISP-meR with scores below 3.0. For all the guides identified by GuideScan, and by kRISP-meR, we determine whether they match any site outside of the target region considering no mismatches i.e. have perfect matches. The results are shown in Figure 3b . We observe that for the S. aureus dataset, kRISP-meR generates one sgRNA with off-target effect whereas GuideScan has none, and for the human chromosome 14 dataset, kRISP-meR and GuideScan generate 1 and 3 sgRNAs with off-target effects.
Conclusion
In this paper, we presented a reference-free guide RNA designing tool for CRISPR/Cas9 system, namely kRISP-meR, which only needs sequenced reads from the organism. We experimented kRISP-meR with reads from two organisms, and compared the sgRNAs identified by kRISP-meR with those identified by GuideScan. Extensive analysis will follow but our results suggest, kRISP-meR identifies majority of the guides identified by GuideScan without any knowledge of the reference while keeping number of sgRNAs with off-target effects low. kRISP-meR can be used to design sgRNAs for organisms with no or incomplete reference genomes. In addition, even when a reference genome is available, it may be used as an auxiliary tool to ensure the candidate sgRNAs do not have off-target effects that may be missed by reference based tools due to presence of regions in the genome of the individual being edited which is missing in the reference.
